Abstract-This paper presents a MATLAB based dynamic simulation tool for estimating demand response potential from residential loads. First, a review of residential demand response strategies is conducted. Next, the modeling approach used during the development of this tool is described. Markov chain based occupant behavior models constructed using data gathered by the U.S. Census Bureau in the American Time Use Survey (ATUS) are used in conjunction with models of the most common residential loads to predict the dynamic changes in residential power demand on a one-minute time scale. Separate control schemes are used along with these models to simulate different demand response strategies. Finally, simulation results showing the benefits and trade-offs associated with residential demand response programs are presented. Future work will involve using this tool to examine specific utility areas and the development of real-time pricing and incentive program components.
I. INTRODUCTION
ith their large impact on the power grid and widespread distribution, residential loads provide vast resources that, if utilized correctly, have the potential to be very useful in demand response applications. According to the U.S. DOE Office of Energy Efficiency and Renewable Energy (EERE), in 2010 the residential sector accounted for 38.70 % of the electricity consumed in the U.S., making it the nation's largest electrical energy consuming sector [1] . Before the wide-scale implementation of residential demand response programs can occur, their overall effects must be better understood.
In this paper, a bottom-up approach, in which individual residential loads are modeled with considerations to occupant behavior, is proposed as a mechanism for understanding the impact of residential sector demand response strategies. Using this modeling technique, a dynamic simulation tool capable of identifying the contribution of each load toward the total aggregate demand of the residential sector is developed. Through the use of this tool, utilities and researchers will be able to predict the effects residential loads can have on the power system under different command and control strategies dictated by residential demand response programs.
II. REVIEW OF DEMAND RESPONSE STRATEGIES
Residential demand response strategies can be split into two basic categories: direct load control (DLC), in which utilities send signals directly to loads instructing them to alter their operation, and indirect load control (ILC), in which time-ofuse and real-time pricing information is used to influence consumer behavior and power demand [2] [3] .
A. Direct Load Control
Direct load control can be accomplished in many different ways. One method is to send signals to individual loads commanding them to turn on or off. Using this control strategy, many loads can be shed at once to quickly reduce demand in the event of a system wide emergency, or strategically turned on and off to provide balancing services such as regulation and load following [4] [5] . Another method is for utilities to directly control the thermostat settings of individual loads [6] . In this method, utilities act on behalf of residential customers, adjusting thermostat settings based on a customer's desired temperature range and current market conditions. Finally, yet another method of DLC is to send signals instructing loads to increase or decrease their current level of power consumption. This type of residential demand response can be implemented using dimmable lighting [7] . Consumer acceptance and the high capital costs associated with new metering and control technologies are some of the primary hurdles preventing the widespread implementation of DLC within the residential sector. To gain consumer acceptance, utilities must offer strong financial incentives to customers in exchange for control of various loads [5] .
B. Indirect Load Control
Indirect load control is accomplished through various pricing mechanisms. Customers are given pricing information either the day ahead or in real-time, and power consumption can be controlled manually by the customer or automatically using smart loads and smart home energy management systems [5] . Smart loads and smart home energy management systems are becoming increasingly more viable, providing many benefits while offering customers ease of use. These technologies include: HVAC systems, which adjust thermostat settings based on the current price of electricity; electric water heaters, which preheat water during early morning hours when power demand is low; and washers, dryers, and dishwashers, which are programmed to operate at the most economically feasible time given the latest time their operation should be completed [2] . Using these technologies, residential customers can reduce power consumption on their own without the need for utility intervention. Utilities, although not directly controlling residential loads, can see system wide benefits as residential customers and smart loads help to decrease power system peak demand and shift demand to off-peak hours.
III. OVERALL MODELING APPROACH
The overall approach for developing this simulation tool can be split into four distinct tasks. First, occupant behavior models relating residential activity patterns to the major energy consuming loads were developed using data obtained from the American Time Use Survey (ATUS) [8] . Next, a literature review of residential load modeling techniques was conducted and, as a result, dynamic load models for each of the major residential loads were constructed in MATLAB [9] . These models were combined to produce a model of residential power demand using statistics on the overall stock and market share of each load within the residential sector, typical power rating of each load, and make-up of the overall population [9] . Finally, various demand response strategies were implemented into this tool by sending signals to individual loads instructing them to alter their consumption. An overview of the first three components of this tool, used to model residential power demand, is shown in Fig. 1 In the following sections, brief explanations of each of the components utilized by this tool for estimating the potential impact of residential demand response programs are given.
A. Occupant Behavior Models
Individual household power consumption is dependent on a number of different factors. These include: environmental conditions (weather), the set of appliances in the home, the individual power rating of each appliance, and the use of each appliance [10] . The use of each appliance is dependent upon the behavioral patterns of a household's occupants. These patterns can vary significantly depending on the time of day and the day of the week that is observed. The technique implemented in this paper consists of utilizing the Markov chain approach discussed in [8] to model occupant behavior.
A Markov chain is a random process in which the next state depends only upon the current state. Markov chains utilize the transition probabilities (i.e. the probability of transitioning from one state to another) associated with each state to determine what state to transition to next. Occupant behaviors are categorized based on the location of the occupant (home or away) and the activities in which they participate (ex. sleeping, cooking, watching television, etc.). To determine the probabilities of an occupant transitioning from one activity to another at any given time, time use data is utilized. For the purposes of this paper, time use data collected in the ATUS was used. A more detailed explanation of this data and the steps taken to fully model occupant behavior are given in [8] .
B. Dynamic Residential Load Models
Dynamic load models were created for a home's HVAC system, electric water heater, refrigerator, freezer, washer, dryer, dishwasher, lighting, cooking, television, and computer. Together, these loads represent approximately 87.5 % of the electricity consumption within the residential sector [1]. To validate these models, three different resources were utilized. Environmental data recorded by the Oak Ridge National Laboratory Rotating Shadowband Radiometer was used as an input for both the HVAC and lighting models [11] . Residential load power consumption data collected from the control home in TVA's Campbell Creek Energy Efficient Homes Project and an occupied home in Atlanta, Georgia was used to validate individual load models [12] . Brief summaries of the different load types modeled by this simulation tool are given in the following sections with more detailed explanations of the techniques used to model these loads provided in [9] .
1) Thermostatically Controlled Loads
Thermostatically controlled loads (TCLs) are loads that are directly controlled by temperature and indirectly controlled by environmental factors and occupant behavior. In the residential sector, the largest and most common TCLs are a home's HVAC system, water heater, refrigerator, and freezer. To model these loads, their thermal properties must be considered. Each of the developed models is composed of first order differential equations relating the change in temperature to the temperature of the surroundings, the thermal properties of the load, and the amount of heat added or removed from the system [9] . TCLs are well suited for demand response applications as their inherent thermal storage capabilities allow them to be shut off for periods of time without having a noticeable impact on the comfort of a home's occupants.
2) Deferrable Loads
A deferrable load refers to any electrical load that requires a specific amount of power, but allows for flexibility on when that power must be supplied. Residential loads that can be placed into this category include clothes washers, dryers, and dishwashers. In the simulation tool, washers, dryers, and dishwashers are modeled as timed loads. Timed loads operate for a defined cycle time and are linked to occupant behavior [9] . Because of their overall flexibility, each of these devices can be filled with clothes or dishes before an occupant leaves for work or goes to bed, and run at a later time when electricity prices and demand are low. This allows residential customers to directly participate in peak shifting.
3) Uninterruptible Loads
Uninterruptible loads include those that demand power continuously while in operation and typically have little demand response potential. Lighting, cooking appliances, and electronic loads, like televisions and computers, can be considered uninterruptible. These loads are modeled as constant power instantaneous loads, with their demand linked to occupant behavior [9] . While these loads may not be as capable of providing demand response as thermostatically controlled and deferrable loads, they have a significant impact on residential sector power demand, and as such, should be considered when developing a residential model.
4) Additional Power Demand
While the largest and most common residential loads are considered in this approach, some level of residential power demand will remain unaccounted for. To correct for this, an additional power demand is defined per occupant [13] .
C. Residential Model and Load Distribution
Ultimately, each of these models were constructed in MATLAB and combined to form a model capable of simulating residential power demand for individual or multiple households on a one-minute time scale. To best represent the overall stock of loads within the residential sector, data from [14] and [15] were used as shown in Table I below. The number of occupants assigned to each home is allowed to vary between one and seven. This is based off of data obtained from the U.S. Census Bureau [16] . Using the occupant models developed in [8] , the percentage of each occupant type (i.e. working male, nonworking male, working female, nonworking female, and child) is set to correspond to the overall make-up of the United States population [17] .
D. Demand Response Control Strategies
By implementing various demand response strategies into this tool, the potential impact residential demand response programs may one day have on the power system can be observed. Three different types of residential demand response were investigated: load shedding, thermostat adjustment, and load deferring. Residential load shedding is employed with TCLs and is accomplished by sending signals at a specified time instructing individual loads to shut off. Residential load thermostat adjustment is accomplished in a similar manner in that signals are sent to individual TCLs telling them to alter their thermostat settings for a specified amount of time. In each of these strategies, control signals can be spread over a period of time. Load deferring is simulated by sending signals to individual loads over a specified period of time telling them to defer their operation to a later time. Additionally, these strategies assume that a certain percentage of loads (defined in each simulation) respond to the demand response signals.
IV. RESIDENTIAL MODELING RESULTS
Simulating this model in MATLAB over a full day can be used to predict the overall residential power demand and the contribution of each residential load type to the total aggregate demand. Simulations were conducted for 10,000 homes on an average winter and average summer day (both simulated on a Monday) based on temperature and solar irradiance data for East Tennessee. These results are shown in Fig. 2 and Fig. 3 . Fig. 2 . Simulation of 10,000 households on a Monday during the winter. Fig. 3 . Simulation of 10,000 households on a Monday during the summer.
As can be seen in the results, seasonal differences in the power demand of heating and cooling systems are captured in this model. The impact that the length of the day (or the total amount of daylight) has on the lighting power demand is also apparent. Finally, the dynamic changes in residential power demand throughout the day can also be seen. HVAC peak demand corresponds to the coolest and warmest parts of the day in the winter and summer simulations respectively, while water heater peak demand occurs in the early morning hours.
V. DEMAND RESPONSE RESULTS
In the following sections, three different demand response control strategies are investigated. For the purposes of this study, these strategies are chosen to best exhibit the benefits and trade-offs of residential demand response. While control strategy optimization can help mitigate many of these tradeoffs, these considerations are outside the scope of this study.
A. Control Strategy 1: Load Shedding
First, one of the simplest demand response control strategies involving the shedding of residential HVAC systems was studied. This type of demand response is unique in that it has no effect on either the behavior or comfort of a home's occupants. In the following simulation, 50 % of all HVAC systems are sent a signal to shed at 6:00 pm. Only those HVAC systems which are operating at the time are shed, and those shed are allowed to begin operating again as they normally would based on the thermostat settings of the home. The results of this simulation are shown in Fig. 4 below. These results show that shedding 50 % of all HVAC systems during summer peak demand can decrease residential demand by a maximum of 0.48 kW per household or 23 %. Furthermore, residential power demand remains decreased for approximately 10.5 minutes following the initial signal to shed HVAC loads. The trade-off for this decrease in demand, however, is significant. In this scenario, none of the settings of the HVAC systems are modified. As a result, residential power demand can be seen to oscillate, as many HVAC systems turn back on at the same time, causing a substantial increase in demand. In this simulation, residential power demand was found to increase by 0.22 kW per household or 10.7 %. This increase in demand continues for approximately 30 minutes before slowly dampening out over time.
B. Control Strategy 2: Thermostat Adjustment
Next, another demand response control strategy involving the adjustment of the thermostat settings of residential HVAC systems was studied [6] . Unlike HVAC load shedding, this type of demand response does have an effect on the comfort of a home's occupants, as their desired thermostat settings are altered. In the following scenario, 50 % of all HVAC systems are sent a signal to raise their thermostat setting by 2 °F at 2:00 pm. Thermostats are later returned to their original settings between 8:00 and 9:00 pm (i.e. individual control signals are evenly distributed between 8:00 and 9:00 pm). The results of this demand response strategy are shown in Fig. 5 . Fig. 5 . Simulation of HVAC thermostat adjustment strategy 1 (10,000 homes).
As seen in Fig. 5 , adjusting thermostat settings can have a much greater impact on residential power demand than load shedding. Using this control strategy, power demand is decreased by a maximum of 0.57 kW per household or 27.4 % for approximately 47 minutes. This sustained decrease in demand ultimately comes at the cost of affecting occupant comfort. As with load shedding, a substantial increase in residential power demand, caused by returning the thermostat settings of each HVAC system to their original settings, can be seen. In this simulation, residential power demand was shown to increase by a maximum of 0.5 kW per household or 24.2 %. By spreading the control signals to return HVAC thermostats to their original settings over a longer period of time, the increase in power demand can be greatly diminished. In the simulation shown in Fig. 6 , HVAC thermostats are returned to their original settings between 3:00 and 9:00 pm. As shown, spreading these signals over a longer period of time can virtually eliminate the increase in demand seen previously. In this simulation, following the initial decrease in demand, power demand was shown to increase by a maximum of only 0.13 kW per household or 6.1 %. Load shedding and thermostat adjustment strategies can also be implemented using water heaters, refrigerators, and freezers; however, the impact on residential power demand is greatly reduced.
C. Control Strategy 3: Load Deferring
Finally, deferring the operation of various residential loads was also studied. In the simulation below, 50 % of all washers and dryers are sent signals from 1:00 to 9:00 pm to defer their operation to a later time. The results are shown in Fig. 7 . In this scenario, residential power demand is decreased by a maximum of 0.085 kW per household or 4.1 % for around 9.8 hours. Although not shown, this demand would ultimately need to be shifted to a later time. To accurately model this shift in demand, a statistical understanding of how occupants modify their behavior in response to deferring washer/dryer use must first be obtained. In lieu of these statistical models, the shifting of this demand to a later time is neglected.
VI. CONCLUSIONS AND FUTURE WORK
This paper presented a MATLAB based dynamic simulation tool for estimating the potential impact of residential demand response. By using this tool, utilities and researchers will be able to better understand the effects of demand response programs on the overall grid. One of the primary benefits of this tool is that it combines occupant behavior and residential load models with environmental data to produce predictions of residential power demand on a one-minute time scale. While the behaviors and needs of occupants are typically ignored in power system studies, their importance cannot be understated. By utilizing the Markov chain models to simulate occupant behavior, researchers can better predict how occupants interact with major residential loads. This can ultimately help power system planners and researchers better understand when to offer various incentives to customers so that residential demand response programs have the greatest impact.
Finally, by implementing various demand response control strategies into this tool, simulation results were able to show both the benefits and trade-offs associated with residential demand response programs. While the simulations conducted in this research utilized relatively simple demand response strategies, the ability of this tool to be modified and expanded upon ensures that more complex types of demand response can be implemented. Future work will include further validation against aggregate power consumption profiles. Additionally, because statistical processes govern the occupant behavior models used by this tool, these models can be modified to reflect the socioeconomic impacts of real-time pricing and incentive programs on residential sector power demand. Ultimately, the inclusion of real-time pricing and incentive program components into this simulation tool will open up numerous possibilities for future research.
